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The telecommunications industry with an approximate annual churn rate of 30% can
nowadays be considered as one of the top sectors on the list of those suffering from
customer churn. Although different studies have focused on developing a predictive
model for customer churn under contractual settings, the mobile telecommunications
industry, performing in a non-contractual setting in which customer churn is not easy
to define and trace, has always been neglected in such investigations. In this study, we
have developed a dual-step computer-assisted model in which a clustering model and a
classification model are employed for defining and predicting customer churn. Results
indicate the promising performance of the proposed models in identifying future
churners.
Keywords: customer churn; data mining; non-contractual setting
Introduction
As markets become increasingly saturated, companies have acknowledged that their business
strategies should focus on identifying those customers who are likely to churn (Hadden,
Tiwari, Roy, & Ruta, 2005). While acquiring new customers is thefirst step for any business to
start growing, the importance of customer retention should not be overlooked. Reinartz,
Thomas, and Kumar (2005) showed that insufficient allocation to customer retention efforts
would have a greater negative impact on long-term customer profitability as compared to
insufficient allocation to customer-acquisition efforts. One of the most significant ways of
increasing customers’ value is to keep them for longer periods of time. In other words, retained
customers produce higher revenues and profit margins than the new ones (Reichheld & Sasser,
1990). Since the net return on investments for retention strategies is higher than that for
acquisitions, it is claimed that companies first spend their marketing resources to keep the
existing customers rather than to attract new ones (Mozer, Wolniewicz, Grimes, Johnson,
& Kaushansky, 2000; Rust & Zahorik, 1993). However, because of the emergence of
e-commerce, retaining the existing customers is not as easy as it used to be. Peppard
(2000) maintains that the Internet channel has empowered those customers who are no longer
stuck with the decisions of a single company and has led to exacerbation of the competition.
While competitors are only one ‘click away’, customer empowerment is likely to amplify the
attrition rate of a company’s customers (Lejeune, 2001).
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Consequently, retaining customers by avoiding their defection has become an important
issue for Customer Relationship Management (CRM) managers (Bucknix & van den Poel,
2005). Thus, companies should be equipped and armed with the most efficient and effective
methods to examine their clients’ behavior and predict their possible future failure.
Model building for churn prediction becomes more complicated when dealing with the
non-contractual setting, where customers have the opportunity to continuously change their
purchase behavior without informing the company about it. In other words, since there have
not been any contracts between the customer and the company, tracking and predicting the
churn, in this setting, has been an issue of high complexity (Bucknix & van den Poel, 2005).
This is exactly what pre-paid telecommunications service providers suffer from. In such a
market segment, because of the fact that customers do not experience any switching costs
when changing their supplier, ‘churn’ is a common and invisible phenomenon.
The present study aims to develop a predictive model for customer churn in ‘pre-paid
mobile telephony companies’. Such a model enables the companies to identify the
customers who are likely to churn in the near future so that they can be targeted by
incentives and convinced to stay. The first step is to develop a sensible definition of churn
in such companies, on the basis of which, a predictive model can be constructed.
Review of liter ature
Integrating customer relationship management and data mining
Eagerness toward Customer Relationship Management (CRM) began to grow in the 1990s
(Ling & Yen, 2001; Xu, Yen, Lin, & Chou, 2002). Despite the fact that CRM has become
widely recognized, there is no comprehensive and universally accepted definition of CRM
and experts have defined it in different ways (Bose, 2002; Kincaid, 2003; Kotler & Keller,
2006; Richards & Jones, 2008; Swift, 2001).
A glimpse at the definitions of CRM given by the above-mentioned authors gives one
the understanding that they have all emphasized CRM as a comprehensive strategy and a
process of acquiring, retaining, and partnering with selective customers to create superior
value for the company and the customer. It involves the integration of marketing, sales,
customer service, and supply-chain functions of the organization to achieve greater
efficiencies and effectiveness in delivering customer value (Parvatiyar & Sheth, 2001).
Different categories of approaches exist toward CRM (He, Xu, Huang, & Deng,
2004; Ngai, 2005; Teo, Devadoss, & Pan, 2006; Xu et al., 2002). From an architectural
point of view, the CRM framework can be divided into the operational and analytical
(He et al., 2004; Teo et al., 2006). While operational CRM refers to the automation of
business process, the analytical CRM refers to the analysis of customer characteristics
and attitudes in order to support the organization’s customer management strategies.
Thus, it can help the company in more effective allocation of its resources (Ngai, Xiu, &
Chau, 2009).
Today’s variety of tastes and preferences among customers has made it impossible for
companies to group them into large homogenous populations to develop appropriate
marketing strategies. In fact, firms are faced with customers who want to be served according
to their individual and unique needs (Shaw, Subramaniam, Tan, & Welge, 2001). This
requirement brought IT and knowledge management into the field of Customer Relationship
Management. In fact, CRM can be broadly presented in the form of customer management
which requires the collection and treatment of a significant amount of data that enable
companies to exploit them in acquisition, retention, extension, and also selection of their
customers (Komenar, 1997).
A. Tamaddoni Jahromi et al.588
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In the realm of IT, CRM means an enterprise wide integration of technologies such as
data warehouse, website, intranet/extranet, and so on (Bose, 2002). In fact, CRM utilizes
information technology and information systems (IS) to gather data which can be used to
develop the information required for creating a one-to-one interaction with the customers
(Bose, 2002; Ngai, 2005).
Recent researches have pointed out that a major portion of the research in the CRMfield is
related to the application of IT and IS in CRM (Ngai, 2005; Ngai et al., 2009). Furthermore, the
first role in IT and IS fields is played by data mining (Ngai, 2005; Ngai et al., 2009).
The application of data mining tools in CRM is an emerging trend in the global
economy. With large volumes of data generated in CRM, data mining plays a leading role
in the overall CRM task (Shaw et al., 2001). Since most companies try to analyze and
understand their customers’ behavior and characteristics for developing a competitive
CRM strategy, data mining tools have become highly popular (Ngai et al., 2009).
Moreover, a review of the literature from 2000 to 2006 shows that 54 out of 87 papers
(62%) in the field of data mining and CRM focused on customer retention aspects of CRM.
Besides, the authors have identified an increasing trend toward this area of research which
would suggest that more publications will appear in the field (Ngai et al., 2009).
One can conclude that data mining has a fundamental and critical role to play in CRM
(Rygielski, Wang, & Yen, 2002) and that it enables the transformation of customer data into
useful information and knowledge that can be exploited to identify valuable customers,
predict future behavior, and make proactive and knowledge-based decisions (Rygielski et al.,
2002). In the CRM context, data mining can be seen as a business driven process aimed at
discovery and consistent use of knowledge from organizational data (Ling & Yen, 2001).
From an expert point of view, data mining is the process of selecting, exploring, and
modeling large amounts of data to uncover previously unknown data patterns for business
advantage (SAS Institute, 2000). It can also be defined as: the exploration and analysis of
large quantities of data in order to discover meaningful patterns and rules (Berry & Linoff,
2004). What data mining tools do is take data and construct a model as a representation of
reality. The derived model describes the patterns and relationships present in the data
(Rygielski et al., 2002).
Customer churn
The propensity of customers to cease doing business with a company in a given time
period can be defined as customer churn (Chandar, Laha, & Krishna, 2006).
Nowadays, customer churn has become the main concern for firms in all industries
(Neslin, Gupta, Kamakura, Lu, & Mason, 2006), and regardless of the industry they are active
in, companies are being challenged to deal with this issue. Customer churn can blemish a
company by decreasing profit levels, losing a great deal of price premium, and losing referrals
from continuing service customers (Reichheld & Sasser, 1990). Research by Reichheld
(1996) revealed that an increase of 5% in customer retention rate can increase the average net
present value of customers by 35% for software companies and 95% for advertising agencies.
Two basic approaches exist for managing customer churn: ‘untargeted approaches’
which rely on superior product and mass advertising to increase brand loyalty and retain
customers, and ‘targeted approaches’ which rely on identifying customers who are likely
to churn, and then either provide them with a direct incentive or customize a service plan
to stay (Burez & van den Poel, 2007).
The targeted approaches fall in two categories: reactive and proactive. Adopting a
reactive approach, a company waits until customers contact the company to cancel their
Journal of Strategic Marketing 589
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(service) relationship. The company then offers the customer an incentive, for example a
rebate, to stay. Adopting the proactive approach, the company tries to identify customers who
are likely to churn at some later date in advance. The company then targets these customers
with special programs or incentives to keep the customer from churning. Targeted proactive
programs have potential advantages of having lower incentive costs (because the incentive
may not have to be as high as when the customer has to be ‘bribed’ not to leave at the last
minute) and because customers are not trained to negotiate for better deals under the threat of
churning. However, these systems would be wasteful if churn predictions are inaccurate,
because then companies are wasting incentive money on customers who would have stayed
anyway (Coussement & van den Poel, 2008a; Neslin et al., 2006).
Studies considering customer churn in different industries can be divided into descriptive
and predictive studies. While descriptive studies aim at extracting the underlying factors of
customer churn (Ahn, Han, & Lee, 2006; Gerpott, Rams, & Schindler, 2001; Kim & Yoon,
2004; Seo, Ranganathan, & Babad, 2008), the predictive ones try to build a predictive model
to identify the future churners before they churn (Burez & van den Poel, 2009; Coussement &
van den Poel, 2008a, 2009; Hung, Yen, & Wang, 2006; Pendharkar, 2009; Wei & Chiu, 2002;
Xie, Li, Ngai, & Ying, 2009; Zhao, Li, Li, Liu, & Ren, 2005).
Reviewing the existing studies regarding customer churn, one can find that a great
number of them are in the contractual setting, in which it is easy to observe when defection
occurs. In other words, most studies have focused on cases in which the customer notifies
their intention to churn by terminating their contract (contractual telecommunications
services, newspaper publishers) or closes their account (banking) (see Table 1). Thus,
more studies seem to be required which focus on predicting customer churn in the non-
contractual setting in order to gain those deeper insights necessary for defining the concept
of ‘churn’ and its predictor variables in this segment.
Furthermore, as can be seen from Table 1, despite the broad continuum of sectors
which have been the target of customer defection studies, the ‘pre-paid mobile telephony’
sector has been deprived of academic notice.
Working data
The raw data used in this study to construct the churn predictive model included the call
record data (date of call, time of call, duration of call, type of call, and cost) of 34,504 users
of a mobile telecommunications service provider company in Iran over the period from
1 November 2007 to 30 April 2008.
Methodology and results
The first hurdle faced in the initial steps of model construction was the problem of ‘churn
definition’. In almost all the above-mentioned computer-assisted studies, the customers
were subscribers to the service provider who had a contract with the company.
Consequently, ‘churn’ in such conditions could be defined as the termination of contract
from the customer’s side or not renewing it after its expiry date, but circumstances would
be different with pre-paid telecommunications service providers. In such companies, there
is no contract between the company and the clients which expires or terminates. In other
words, churn in such cases happens with no tracking point such as terminating the contract
or not renewing, complicating its recognition.
As an illustration, imagine a database consisting of a number of customers with
different calling behaviors, some using their cell phone every day and others using it
A. Tamaddoni Jahromi et al.590
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haphazardly. If we define a churner as ‘persons who have not used their cell phone for
seven days’, a considerable part of customers who used their cell phones occasionally
would be mistakenly considered as churners. On the other hand, if a longer time span is
considered and a churner is defined as ‘persons who have not used their cell phone for
25 days’ our model may suffer from the inability to recognize the real churners.
These wrong signaling measures would increase the number of False Negatives (FN)
and False Positives (FP) in our predictive model and, consequently, lower the accuracy of
the model.
In order to resolve this problem, our model construction process was broken into two
phases.
(1) The clustering phase in order to arrive at definition for the concept of ‘churn’.
(2) The classification phase to predict customer churn.
The relevant features were extracted from the raw data available and drawing upon
the results from previous studies in this area (Ansari, Kohavi, Mason, & Zheng, 2000;
Hung et al., 2006). The following features were extracted to be used in the clustering
phase:
(1) Call Ratio: proportion of calls made by each customer with more than one day
time distance to their total number of calls;
(2) Average Call Distance: the average time distance between one’s calls;
(3) Max Date: the last date in our observed time period in which a call was made by
a specific customer;
(4) Min Date: the first date in our observed time period in which a call was made by
a specific customer;
(5) Life: the period of time in our observed time span in which each customer was
active;
(6) Max-Distance: the maximum time distance between two calls by a specific
person in the study period;
(7) No-of-Days: the number of days a specific customer made or received a call;
(8) Total-No-In: the total number of incoming calls for each customer over the study
period;
(9) Total-No-Out: the total number of outgoing calls for each customer over the
study period;
(10) Total-Cost: the total money that each customer was charged for using the services
over the study period;
(11) Total-Duration-In: the total duration of incoming calls for a specific customer
over the study period;
(12) Total-Duration-Out: the total duration of outgoing calls for a specific customer
over the study period.
The above-mentioned 12 Recency, Frequency, and Monetary (RFM)-related features
were used to divide the customer base up into four individual clusters. Drawing upon the
findings of Wei and Chiu (2002), the Two-Step Cluster technique was used (SPSS Inc., 2007)
with different Max-Distances, the ‘Prediction Period’ length was assumed to be twice the
‘Max-Distance’, resulting in the four sets of Observation, Retention, and Prediction periods
for the four extracted clusters (Table 2).
Using two sub-periods of fifteen days in the observation period of each cluster, it was
possible to construct the following features for every single cluster based on Wei and
Chiu’s (2002) study and based on the call record data of the observation period:
A. Tamaddoni Jahromi et al.592
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(1) IMOUinitial: incoming MOU of a customer in the first sub-period;
(2) IFOUinitial: incoming FOU of a customer in the first sub-period;
(3) OMOUinitial: outgoing MOU of a customer in the first sub-period;
(4) OFOUinitial: outgoing FOU of a customer in the first sub-period;
(5) DIMOU2: the change in IMOU of a customer between the sub-period 1 and 2;
(6) DIFOU2: the change in IFOU of a customer between the sub-period 1 and 2;
(7) DOMOU2: the change in OMOU of a customer between the sub-period 1 and 2;
(8) DOFOU2: the change in OFOU of a customer between the sub-period 1 and 2;
(9) Churn: the binary churn labels for each customer according to their churn status in
the prediction period. According to this, a churner is a person who does not have a call
record in the prediction period; otherwise, they would be considered as a non-churner.
Utilizing these new features and considering a hit ratio of 1:2 (churner: non-churner),
the predictive model was developed using the Decision Tree technique (CART algorithm)
for every single cluster.
Table 3 depicts the performance of the proposed churn predictive models for each
cluster based on ‘gain measure’.
While the gain factor of random sampling was 20% for the top 20% of the customer base in
all clusters, Table 2 shows that the model developed here is capable of assigning gain factors
of 77.8%, 66.7%, 30%, and 45.5% for the top 20% of the customer base of the four clusters,
respectively. This implies that by applying the proposed predictive model, a sample size of
only 20% representing each cluster in the customer base will suffice to identify 77.8%, 66.7%,
30%, and 45.5% of the total number of churners in each of the four clusters, respectively.
Furthermore, because of the nature of the data set which suffered from class imbalance,
the effect of cost-sensitive learning methods on the performance of the proposed models
was also tested. The results presented in Table 4 confirm the positive effect of cost-
sensitive learning on the performance of the models.
Table 3. Performance of developed predictive models based on gain measure.
Cluster no.
% Gain for
percentile ¼ 10
% Gain for
percentile ¼ 20
% Gain for
percentile ¼ 30
1 46.3 77.8 80
2 54 66.7 66.7
3 15 30 47
4 17 45.5 81
Table 2. Prediction, retention, and observation period for each extracted cluster of customers.
Cluster no.
Observation
length
Retention
length
Prediction
length
Cluster’s
Max-Distance
1 18 March to 16
April (30 days)
17 April to 23
April (7 days)
24 to 30 April (7 days) 3.88 days
2 14 March to 12
April (30 days)
13 to 19
April (7 days)
20 to 30 April (11 days) 5.66 days
3 21 February to 22
March (30 days)
23 to 29
March (7 days)
30 March to 30 April (32 days) 16.33 days
4 4 February to 5
March (30 days)
6 to 12 March
(7 days)
13 March to 30 April (49 days) 24.88 days
Journal of Strategic Marketing 593
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Figures 1–4 illustrate the performance of both simple and cost-sensitive models
developed for each of the four clusters.
Based on these Figures, both simple and cost-sensitive predictive models have a
considerably better performance than the random sampling one (diagonal line). Additionally,
the cost-sensitive learning method has been shown to outperform the simple model and to play
a considerable role in model building with imbalanced data.
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Figure 1. Gain chart of simple (light points) and cost-sensitive (dark points) models for cluster 1.
Table 4. Performance of cost-sensitive predictive models based on gain measure.
Cluster no.
% Gain for
percentile ¼ 10
% Gain for
percentile ¼ 20
% Gain for
percentile ¼ 30
1 56.1 77.8 80
2 54 66.7 66.7
3 15 30 47
4 36 63 90
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Figure 2. Gain chart of simple (light points) and cost-sensitive (dark points) models for cluster 2.
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By extracting the determinant features for model building in each cluster, we found
DIFOU2, DIFOUinitial, OFOUinitial, and DIMOU2 to be the most determinant features in
model building for churn prediction in the mobile telephony market (Table 5).
The results show that changes in incoming call frequncy and also minutes of use of a
customer in addition to the initial frequency of outgoing and incoming calls can serve as
deteminant features distinguishing churners from non-churners.
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n
Figure 3. Gain chart of simple (light points) and cost-sensitive (dark points) models for cluster 3.
100
80
60
40
20
0
0 20 40 60 80 100
Percentile
2_Testing
churn = 1
$R-churn
$R1-churn
%
 G
ai
n
Figure 4. Gain chart of simple (light points) and cost-sensitive (dark points) models for cluster 4.
Table 5. Determinant features for model building in each cluster.
Cluster no. Determinant features
1 DIFOU2, DOMOU2, IMOUinitial
2 IFOUinitial, OFOUinitial, DIMOU2
3 IFOUinitial, OFOUinitial, DIFOU2
4 OFOUinitial, DIMOU2
Journal of Strategic Marketing 595
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Conclusion
In this study, a predictive model for customer churn in pre-paid mobile telephony companies
was constructed. Handling the problem of churn definition in the non-contractual (pre-paid)
setting, a clustering phase was proposed prior to the model building phase. Thus, the customer
base was initially divided into four clusters based on their RFM-related features in order to
develop churn definitions for each cluster which were then used in the model building phase.
Based on gain charts, the results confirm the satisfactory performance of the proposed models.
Furthermore, dealing with an imbalanced dataset, the cost-sensitive learning method
proposed by Weiss (2004) was tested and the effectiness of his proposed solution was
confirmed. While it is likely that this learning method would be of limited use to the
adopted technique (Decision Tree), it is essential to test different data mining algorithms
with the cost-sensitive learning method in order to generalize the findings of this study.
Finally, the features that can be used to serve as churn indicators among pre-paid mobile
telephony customers were extracted. We believe that, in the absence of features other than
those constructed for our model building, the deteminant feature(s) extracted here can yield a
model with a satisfactory accuracy and the capability to identify likely churners.
Manager ial implications
The objective of this research was to develop a predictive model for customer churn in the
pre-paid mobile telephony market which would be able to distinguish between customers
who are likely to churn in the near future and the ones who are likely to stay with the
company. The contribution of such a model for the company lies in the prevention of
wasted expenditure due to mass marketing approaches and it enables companies to target
the real churners by extracting those customers with the highest probability of churn.
The findings of this research have significant application for companies that are active in
the mobile telecommunicationsmarket (especiallypre-paid).Besides, the ideaofdevelopinga
dual-step model for extracting the churn definition prior to the model building phase can also
be applied in other companies active in non-contractual settings such as pure click online
stores.
Research limitations
The major limitation of this research was data classification and data confidentiality in the
company under study. This, quite rightly, prevented access to customers’ data such as billing
and credit data. This forced us to calculate the monetary features manually and deprived us
from involving the credit features into our model building. Lack of demographic data of
customers was also another other limitation in conducting this research. Because of this
fact such factors were unable to be integrated into the clustering phase which would have
potentially improved the accuracy and also interpretability of clusters.
It seems obvious that by having unrestricted access to a data base which included all
necessary fields, the rigor and reliability of the constructed model would increase which
can be the case of future research.
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